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Objective: To investigate the impact of match and training load on time-loss incidence
in elite, professional Rugby Union players.
Materials and Methods: Eighty-nine Rugby Union players were monitored over two
seasons of training and competition. Load was measured for all training sessions
and matches using subjective [session ratings of perceived exertion (sRPE) load;
RPE × session duration] and objective [global positioning systems (GPS); distance
and high-speed running distance] methods and quantified using multiple approaches;
absolute match and training load, acute:chronic workload ratio (ACWR), exponentially
weighted moving average (EWMA) and cumulative 7, 14, 21, and 28 d sums. Mixed
effect models were used to assess the effect of each variable on time-loss incidence.
Results: Of the 474 time-loss incidences that occurred across the two seasons, 50.0%
were contact injuries (86.5% occurred during matches and 13.5% during training),
34.8% were non-contact injuries (31.5% occurred during matches and 68.5% during
training) and 15.2% were cases of illness. The absolute match and training load variables
provided the best explanation of the variance in time-loss incidence occurrence [sRPE
load: p < 0.001, Akaike information criterion (AIC) = 2936; distance: p < 0.001,
AIC = 3004; high-speed running distance: p< 0.001, AIC = 3025]. The EWMA approach
(EWMA sRPE load: p < 0.001, AIC = 2980; EWMA distance: p < 0.001, AIC = 2980;
EWMA high-speed running distance: p = 0.002, AIC = 2987) also explained more of
the variance in time-loss incidence occurrence than the ACWR approach (ACWR sRPE
load: p = 0.091, AIC = 2993; ACWR distance: p = 0.008, AIC = 2990; ACWR high-speed
running distance: p = 0.153, AIC = 2994).
Conclusion: Overall, the absolute sRPE load variable best explained the variance in
time-loss incidence, followed by absolute distance and absolute high-speed running
distance. Whilst the model fit using the EWMA approach was not as good as the
absolute load variables, it was better than when the same variables were calculated
using the ACWR method. Overall, these findings suggest that the absolute match and
training load variables provide the best predictors of time-loss incidence rates, with
sRPE load likely to be the optimal variant of those examined here.
Keywords: RPE, GPS, exponentially weighted moving average, acute:chronic workload ratio, monitoring, mixed
effect models
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INTRODUCTION
It has been demonstrated in a number of professional sports,
including Soccer (Carling et al., 2015) and Rugby Union
(Williams et al., 2015), that success is inversely related to injury
incidence, suggesting that player availability is a key determinant
of success. Rugby Union has one of the highest reported
incidences of match injury amongst all professional team sports,
at 81 injuries per 1000 player hours for matches and 3 injuries
per 1000 player hours for training (Williams et al., 2013). It is
therefore crucial that Rugby Union coaches, performance and
medical staff develop strategies to reduce time-loss incidence
and maximize squad availability, thus enhancing the chances
of team success.
Time-loss incidences are typically classified as either injuries
or illness, with injuries further categorized as contact and non-
contact (Fuller et al., 2008). In elite sport, the careful management
of match and training load to minimize time-loss incidence, is a
key role of performance, medical and coaching staff (Gabbett and
Ullah, 2012; Rogalski et al., 2013; Blanch and Gabbett, 2015; Cross
et al., 2016). Improper load management can negatively affect
numerous physiological systems including the neuroendocrine,
immunological, cardiovascular and musculoskeletal systems
(Adams and Kirkby, 2001), resulting in an increased occurrence
of time-loss incidence.
Research exploring the effects of match and training load
on time-loss incidence rates has typically quantified load using
either subjective or objective measures. Subjective measures of
match and training load include ratings of perceived exertion
(RPE), with the most commonly used outcome variable being
session ratings of perceived exertion load (sRPE), calculated by
multiplying session RPE (Borg CR10 scale; Foster et al., 2001) by
session duration (in min) (Gabbett, 2004; Gabbett and Domrow,
2007). Objective measures include micro technology such as
global positioning systems (GPS), which provide information
such as the overall distance covered by the players in a given
training session or match and the speeds at which those distances
are covered (Colby et al., 2014). In recent years, research has
been undertaken investigating the relationship between match
and training load and time-loss incidence across a variety of
sports, including Australian Rules Football (Rogalski et al., 2013),
Rugby League (Blanch and Gabbett, 2015; Hulin et al., 2016),
Cricket (Hulin et al., 2016), and Soccer (Bowen et al., 2016). One
of the first papers to examine the relationship between match
and training load and injury was conducted in 46 elite Australian
Rules footballers (Rogalski et al., 2013). sRPE load showed
that high training loads over 1 week of >1750 arbitrary units
(AU) (compared to a reference group of <1250 AU) resulted
in an increased occurrence of injury [odds ratio (OR) = 2.44–
3.38]. Two week loads of >4000 AU (compared to <2000 AU)
were also associated with an increased occurrence of injury
(OR = 4.74), as were large changes (from 1 week to the next)
of greater than 1250 AU (compared to a change of <250 AU;
OR = 2.58). A more objective approach has also been used in
Australian Rules Football, where GPS derived running loads and
injury occurrence were assessed across one season of competition
(Colby et al., 2014). Total distance and sprint distance were
analyzed as cumulative 3-week loads and results showed that total
distance between 73,721 and 86,662 m (compared to <73,721 m)
increased the occurrence of non-contact injury (OR = 5.49), as
did a high sprint (greater than 75% of the individual’s maximum
velocity) distance (>1453 m compared to <864 m; OR = 3.67)
(Colby et al., 2014). However, this objective approach to match
and training load quantification has only been examined in
Australian Rules football.
A number of different methods of quantifying match and
training load have also been reported in the literature to date,
including the acute:chronic workload ratio (ACWR) (Blanch and
Gabbett, 2015) and the exponentially weighted moving average
(EWMA) (Williams et al., 2017). The ACWR is the ratio of
average load in the past 7 d (acute) compared to the average
of the past 28 d (chronic) (Blanch and Gabbett, 2015); which
when applied to sRPE load data, it has led to the suggestion of
a “sweet-spot” (i.e., the match and training load associated with
the lowest time-loss incidence risk) of 0.8–1.3 (80–130% in the
past 7 d compared to the past 28 d). It is also interesting to note
that the risk of injury increases when the ACWR goes above 1.5
(Blanch and Gabbett, 2015). In more recent years researchers
have questioned the rolling average approach of the ACWR
(Drew and Purdam, 2016; Lolli et al., 2017, 2018; Menaspà,
2017; Williams et al., 2017), with the suggested new approach to
place greater weighting on the load completed in the acute phase
(compared to the preceding days/weeks), due to the decaying
nature of fitness and fatigue effects over time (Williams et al.,
2017). This approach, defined as the EWMA, mitigates the issues
described by Menaspà (2017) and Lolli et al. (2017), such as
mathematical coupling, and is therefore potentially suggested as
a more sensitive measure.
One of the few studies to explore the influence of in-season
training loads on injury risk specifically in professional Rugby
Union was undertaken by Cross et al. (2016). sRPE load was
examined across four teams (n = 173 players) for the in-
season period of one season of competition. Results showed that
injury risk increased when 1-week load was 1245 AU greater
than an average week (OR = 1.68) and when week-to-week
changes in load exceeded 1069 AU (compared to no change,
OR = 1.58). Furthermore, a likely harmful effect was seen when
4-week cumulative loads >8651 AU (compared to <3684 AU;
OR = 1.39). However, the study by Cross et al. (2016), did
not account for the loads accumulated from matches, which
is typically the player’s biggest load in a week. Additionally,
no objective measures were used to quantify load, therefore,
no external load measurement was obtained, and training load
was assessed in its absolute form, with no ACWR or EWMA
quantification applied.
Therefore, the aims of this study were to examine and
identify relationships between match and training load, derived
through both subjective and objective measures, and time-loss
incidence rates in elite Rugby Union players, across two seasons
of competition. The study sought to identify the best predictor
of time-loss incidence occurrence between absolute match and
training load variables, the ACWR and the EWMA quantification
methods. Furthermore, it was hypothesized that due to the
decaying nature of fitness and fatigue, the EWMA approach to
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match and training load quantification would better explain the
variance in time-loss incidence occurrence in comparison to the
ACWR method. It was also hypothesized that the acute (last 7 d)
period of match and training load would be the greatest predictor
of time-loss incidence occurrence compared to the longer 14, 21,
and 28 d timeframes.
MATERIALS AND METHODS
Study Design
The study was a two-season prospective cohort study of Rugby
Union players (n = 89, age: 26.5 ± 4.5 years, body mass:
104.3± 13.5 kg, height: 1.86± 0.07 m) registered in the first team
squad of an elite professional English Rugby Union club, playing
in the top two tiers during the 2016–2017 and 2017–2018 seasons.
Ethical approval was provided by the host institution’s Ethical
Advisory Committee and all players provided their written
consent to participate. In brief, the quantification of load was
undertaken using three methods; the absolute match and training
load (cumulative daily load), the ACWR (Blanch and Gabbett,
2015) and EWMA match and training load ratio (Williams et al.,
2017), with these calculations applied to subjective (sRPE load)
and objective (GPS) data. Additional match and training load
quantification was undertaken in the format of cumulative rolling
sums for 7, 14, 21, and 28 d periods, again for both sRPE
load and GPS data.
Rating of Perceived Exertion
For every field- and gym-based training session and match, an
RPE rating, using the modified Borg CR-10 RPE scale (Foster
et al., 2001), was obtained within 30 min of the end of the
exercise, in line with the recommendations of Kraft et al. (2014).
Session RPE load in AU for each player was then calculated
by multiplying the given RPE by the session duration (min)
(Foster et al., 2001). This was performed for all players across
both seasons of data collection. Session RPE load has previously
been shown to be a valid method for estimating relative exercise
intensity (Impellizzeri et al., 2004). The ACWR and EWMA
calculations were then applied to the RPE data, yielding two
variables: ACWR sRPE load and EWMA sRPE load. In addition,
cumulative 7, 14, 21, and 28 d sums were calculated.
Global Positioning Systems
An objective measure of match and training load was obtained
through GPS for every field-based training session and match,
for 33 out of the 60 players in the squad for season one and
for all 56 players in season two. Overall, 27 players completed
both seasons and 62 players completed only one of the two
seasons. Two GPS systems were used (Catapult OptimEye S5
monitoring system, 10 Hz, Canberra, Australia, n = 18; and
GPSports SPI-Pro, 5 Hz, Canberra, Australia, n = 15) during
season one, with each player using the same GPS unit for the
entire season. In season two all 56 players used the same GPS
system (STATSports APEX, 10 Hz, Newry, Northern Ireland,
n = 56). The number of satellites was satisfactory on all days
for all systems, with an average of 9 ± 1 satellites per day
being used and a horizontal dilution of precision of 0.58 ± 0.06.
The firmware of the systems was the same for all units for the
respective manufacturer and the firmware was not updated at
any stage during the study. The manufacturer’s software was
used to download all sessions and again the software was not
updated at any stage during the study. Previous research has
demonstrated the reliability and validity of each of the GPS
systems used (GPSports SPI-Pro: Waldron et al., 2011; Catapult
OptimEye S5: Thornton et al., 2019; STATSports APEX: Beato
et al., 2018). Furthermore, the analysis of the distance covered
at high speed has been shown to be associated with increased risk
of lower body soft-tissue injury (Gabbett and Ullah, 2012). High-
speed running was determined as the distance covered at greater
than 70% of a player’s maximum velocity, determined during pre-
season testing (40 m sprint testing) and updated if bettered at
any stage across the season. GPS data were also quantified using
ACWR and EWMA, giving rise to four further variables (ACWR
distance, EWMA distance, ACWR high-speed running distance
and EWMA high-speed running distance) and the cumulative 7,
14, 21, and 28 d rolling sums calculated for both distance and
high-speed running distance.
Data Handling
The ACWR was calculated as the average load of the previous
7 d divided by the average load of the previous 28 d (Blanch
and Gabbett, 2015), with the acute, 7 d period also included
in the chronic, 28 d period. The EWMA for any given day
is calculated by; EWMAtoday = Loadtoday × λa + ((1 − λa)
× EWMAyesterday) where λa is a value between 0 and 1
that represents the degree of decay. The λa is calculated;
λa = 2/(N + 1), where N is 7 d (acute) or 28 d (chronic) time
period, with the acute EWMA then being divided by the chronic
EWMA to provide a single EWMA value. The absolute match
and training load variables for sRPE load, distance and high-
speed running distance, along with the aforementioned ACWR
and EWMA variables were used in the analysis. Cumulative
7, 14, 21, and 28 d rolling sums for sRPE load, distance and
high-speed running distance were calculated for each player.
Due to the ACWR and EWMA variables requiring at least
28 d of match and training load data and the cumulative sums
requiring 7, 14, 21, and 28 d respectively, the overall n for each
variable is varied.
Time-Loss Incidence Definitions
All time-loss incidences sustained were categorized by the club’s
medical staff and were defined as any physical complaint that
resulted in that individual being unable to take full part in any
field- or gym-based training session or match, in line with the
consensus statement defined by the International Rugby Board
in 2007 (Fuller et al., 2008). Further information on the nature of
the time-loss incidence was recorded, including severity (number
of days unavailable for training and/or matches), the nature of the
injury (contact, non-contact or illness) and the session in which
the injury occurred (training or match). Each time-loss incidence
was entered into the database for the day on which it occurred,
and subsequently was associated with the absolute match and
training load, ACWR and EWMA for that day.
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Statistical Analysis
The first section of the results presents descriptive data. To
assess the impact of each match and training load quantification
method on time loss-incidence occurrence, mixed effect models
were conducted using the glmer function in R1 (as suggested by
Windt et al., 2018). All models were fit with a Bernoulli outcome
distribution (i.e., injury or no injury) and random effects for
player, season, day of the season were included in all models. To
assess the effect of matches and training on time-loss incidence
occurrence, this variable was included in subsequent models
for that section of the results. Position (forward/back) and age
were included in all models. The exponential of the parameter
estimate was used to calculate the odds. Due to co-linearity
between the dependent variables, it was not possible to include
several variables within the same model. Thus, separate models
were performed for each variable. To enable a comparison of
fit between models containing different variables, all analyses
were subsequently performed on a reduced dataset with an equal
number of data points for all variables (n = 14937) and the Akaike
information criterion (AIC) and Bayesian information criterion
(BIC) were used to assess model fit. For all analyses statistical
significance was accepted as p< 0.05.
RESULTS
A total of 474 time-loss incidences were reported across the two
seasons of the study, 240 time-loss incidences were reported in
season one and 234 time-loss incidences in season two. Table 1
details the total time-loss incidence, nature of the injury and the
session in which the injury occurred. Across the two seasons
there were a total of 31,117 exposure days, with the 474 time-loss
incidences resulting in a cumulative number of 9558 days lost due
to injury or illness (30.7% of total days).
Mixed Effect Models
Results of the mixed effect models that were conducted to
examine the impact of each match and training load variable
on time-loss incidence are presented in Table 2. In all models
there was no significant main effect of age or interaction between
age and the variable of interest (all p > 0.05), thus age was
removed from all models. Furthermore, the interaction between
position (forward/back) and the variables of interest were all non-
significant (all p > 0.05), so the interactions were removed from
the model. The main effects of position were however significant
so were included in the analyses.
Session RPE Load
Session ratings of perceived exertion load demonstrated a
significant influence on time-loss incidence (p < 0.001,
Figure 1A). The odds of 1.11 indicates that for each 100 unit
increase in sRPE load (e.g., from 500 to 600 AU), there was an
11% increase in time-loss incidence. The model also indicates
that the odds of a time-loss incidence occurring in forwards
was 1.32 compared to backs (p = 0.043). ACWR sRPE load
1www.r-project.org
did not influence time-loss incidence occurrence (p = 0.255,
Figure 1B). However, when sRPE load was quantified using the
EWMA approach, there was a significant influence on time-loss
incidence (p = 0.001; Figure 1C). The OR of 2.01 indicates that
for each 1 unit increase in EWMA sRPE load (e.g., from 0.5
to 1.5, or 1 to 2, etc.), there was a 101% increase in time-loss
incidence. The model again indicates that the odds of a time-loss
incidence occurring in forwards was higher (odds = 1.35) than in
backs (p = 0.039).
Distance
Distance demonstrated a significant influence on time-loss
incidence (p < 0.001, Figure 2A). The odds of 1.01 indicates
that for each 100 m increase in distance covered (e.g., from
2000 to 2100 m), there was a 1% increase in time-loss
incidence. The model also indicates that the odds of a time-
loss incidence occurring in forwards was 1.49 compared to
backs (p = 0.003). ACWR distance also influenced time-loss
incidence (p = 0.008, Figure 2B), with the odds of 1.56 indicating
a 56% increase in time-loss incidence with a 1 unit increase
in ACWR distance (e.g., from 0.8 to 1.8). The occurrence of
time-loss incidence was again greater in forwards compared
to backs (odds = 1.53, p = 0.013). Finally, EWMA distance
also demonstrated a significant influence on time-loss incidence
(p < 0.001, Figure 2C). The OR of 2.23 indicates that for each 1
unit increase in EWMA distance (e.g., from 0.8 to 1.8), there was
a 123% increase in time-loss incidence. The model again indicates
that the odds of a time-loss incidence occurring in forwards was
higher (odds = 1.50) than in backs (p = 0.014).
High-Speed Running Distance
High-speed running distance also demonstrated a significant
influence on time-loss incidence (p < 0.001, Figure 3A).
The odds of 1.21 indicates that for each 100 m increase in
high-speed running distance (e.g., from 800 to 900 m), there
was a 21% increase in time-loss incidence. The model also
indicates that the odds of a time-loss incidence occurring in
forwards was 1.56 compared to backs (p = 0.007). However,
ACWR high-speed running distance did not influence time-loss
incidence (p = 0.154, Figure 3B). Finally, EWMA high-speed
running distance demonstrated a significant influence on time-
loss incidence (p = 0.002, Figure 3C). The OR of 1.44 indicates
that for each 1 unit increase in EWMA high-speed running
(e.g., from 0.8 to 1.8), there was a 44% increase in time-loss
incidence. The model again indicates that the odds of a time-loss
incidence occurring in forwards was higher (odds = 1.56) than in
backs (p = 0.009).
7, 14, 21, and 28 d Cumulative Rolling
Sums
Mixed effect models were also conducted on the 7, 14, 21,
and 28 d cumulative rolling sum data for sRPE load, distance
and high-speed running distance. All models returned a non-
significant effect on time-loss incidence, with the exception of
the 14 d cumulative rolling sum of high-speed running distance
(model details: intercept =−5.3009, parameter estimate = 0.0003,
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TABLE 1 | Number, nature and severity of time-loss incidences across the two seasons, expressed both as absolute numbers and a percentage of the total time-loss
incidences/total injuries/contact injuries/non-contact injuries, as appropriate.
Season Total time-loss incidences Contact injuries Non-contact injuries Illnesses
Combined 474 237 (50.0%) 165 (34.8%) 72 (15.2%)
Season one 240 125 (52.1%) 76 (31.7%) 39 (16.2%)
Season two 234 112 (47.9%) 89 (38.0%) 33 (14.1%)
Season Total injuries Match injuries Training injuries
Combined 402 257 (63.9%) 145 (36.1%)
Season one 201 132 (65.7%) 69 (34.3%)
Season two 201 125 (62.2%) 76 (37.8%)
Season Contact injuries Contact injuries in matches Contact injuries in training
Combined 237 205 (86.5%) 32 (13.5%)
Season one 125 106 (84.8%) 19 (15.2%)
Season two 112 99 (88.4%) 13 (11.6%)
Season Non-contact injuries Non-contact injuries in matches Non-contact injuries in training
Combined 165 52 (31.5%) 113 (68.5%)
Season one 76 26 (34.2%) 50 (65.8%)
Season two 89 26 (29.2%) 63 (70.8%)
Season Exposure days Days lost (severity) Percentage days lost
Combined 31117 9558 30.7
Season one 15869 4736 29.8
Season two 15248 4822 31.6
TABLE 2 | Multilevel model characteristics.
Variable Variable effect Position effect Model characteristics
Intercept Parameter
estimate
Std. error Odds p-value Parameter
estimate
Odds p-value AIC BIC Number of
observations
Session RPE load$ −5.058 0.108 0.014 1.11 <0.001 0.280 1.32 0.043 4407 4456 23,032
ACWR session RPE load −4.962 0.191 0.168 1.21 0.255 0.302 1.35 0.039 4042 4090 20,522
EWMA session RPE load −5.451 0.697 0.218 2.01 0.001 0.300 1.35 0.039 4033 4081 20,522
Distance$ −5.380 0.013 0.002 1.01 <0.001 0.481 1.49 0.003 3341 3388 16,927
ACWR distance −5.534 0.442 0.167 1.56 0.008 0.425 1.53 0.013 2990 3035 14,937
EWMA distance −5.849 0.801 0.206 2.23 <0.001 0.408 1.50 0.014 2981 3026 14,937
High-speed running distance$ −5.131 0.190 0.058 1.21 <0.001 0.443 1.56 0.007 3364 3410 16,927
ACWR high-speed running −5.206 0.121 0.085 1.13 0.154 0.428 1.53 0.013 2994 3040 14,937
EWMA high-speed running −5.439 0.365 0.119 1.44 0.002 0.446 1.56 0.009 2987 3033 14,937
Odds is the exponential of the parameter estimate and represents the time-loss incidence risk for a 1 unit increase in the variable (e.g., an increase in EWMA session RPE
load from 1.0 to 2.0, etc.). Odds for position effect is the odds of time loss incidence in forwards compared to backs. $The parameter estimate, standard error and odds
for the absolute variables (session RPE load, distance and high-speed running distance) are presented for 100 unit increases in each variable.
standard error = 0.0001, OR (for a 1000 m increase)
= 3.0, p = 0.040).
Comparing Model Fit
To enable a comparison of fit between models containing
different variables, all analyses were subsequently performed on
a reduced dataset with an equal number of data points for all
variables (n = 14937). This dataset was the largest possible dataset
where the same number of observations for all nine variables
of interest (sRPE load, distance, high-speed running distance
and each of these quantified using the ACWR and EWMA
approaches) were available. Models were constructed in exactly
the same way as above. The AIC and BIC can be used in these
models to examine which variable best explains the variance in
time-loss incidence occurrence, with smaller AIC and BIC values
indicative of a better model fit.
The results of this analysis are shown in Table 3. For sRPE
load, distance and high-speed running distance, the absolute
match and training load variables demonstrated a lower AIC
and BIC than when these variables were quantified using either
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FIGURE 1 | The relationship between time-loss incidence occurrence (per
player day) and absolute session RPE load (p < 0.001) (A), ACWR session
RPE load (p = 0.255) (B), and EWMA session RPE load (p = 0.001) (C), split
for backs and forwards. Data are mean ± standard error.
FIGURE 2 | The relationship between time-loss incidence occurrence (per
player day) and absolute distance (p < 0.001) (A), ACWR distance (p = 0.008)
(B), and EWMA distance (p < 0.001) (C), split for backs and forwards. Data
are mean ± standard error.
Frontiers in Physiology | www.frontiersin.org 6 November 2019 | Volume 10 | Article 1413
fphys-10-01413 November 16, 2019 Time: 13:5 # 7
Cousins et al. Match, Training Load and Injury
FIGURE 3 | The relationship between time-loss incidence occurrence (per
player day) and absolute high-speed running distance (p < 0.001) (A), ACWR
high-speed running distance (p = 0.154) (B), and EWMA high-speed running
distance (p = 0.002) (C), split for backs and forwards. Data are
mean ± standard error.
the ACWR or EWMA approach. This suggests that more of the
variance in time-loss incidence occurrence is explained by the
absolute match and training load variables rather than when
the variables are quantified using either the ACWR or EWMA.
Additionally, the EWMA demonstrated a lower AIC and BIC
than ACWR. When comparing sRPE load, distance and high-
speed running distance, the model with sRPE load had the lowest
AIC and BIC, followed by distance, then high-speed running
distance (Table 3).
Calculating Time-Loss Incidence Rate
The mixed effect models provided here can be used to calculate
time-loss incidence. The calculation, using sRPE load as an
example, is as follows:
Time-loss incidence (per player day)
= exp(intercept + parameter estimate× sRPE load)
1+ exp(intercept + parameter estimate× session RPE load)
The above calculation would be for a back. To calculate time-loss
incidence in a forward the effect of position must be added to the
equation, as follows:
Time-lossincidence(per player day)
=
exp((intercept + parameter estimate× sRPE load)
+ position parameter estimate)
1 + exp((intercept + parameter estimate × sRPE load)
+ position parameter estimate)
For example, for a forward with a sRPE load of 650 AU, the
calculation would be:
Exp((−5.058 + 0.108 × 650) + 0.280)
1 + exp((−5.058 + 0.108 × 650) + 0.280)
= 0.017 time-loss incidences per player day
Time-Loss Incidence in Matches and
Training
To examine the impact of matches compared to training on
time-loss incidence, an additional (match or training) variable
was included in the mixed effect models assessing the effect
of the absolute match and training load variables on time-
loss incidence. There were no interactions between the absolute
match and training load variables and matches/training (sRPE
load, p = 0.218; distance, p = 0.146; high-speed running
distance, p = 0.501). However, there was a significant main
effect, suggesting that time-loss incidence was greater in matches
compared to training (sRPE load: parameter estimate = 2.313,
standard error = 0.235, OR = 10.1, p< 0.001; distance: parameter
estimate = 2.479, standard error = 0.241, OR = 11.9, p < 0.001;
high-speed running distance: parameter estimate = 2.732,
standard error = 0.001, OR = 15.4, p< 0.001).
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TABLE 3 | Multilevel model characteristics (with an equal n for all variables).
Variable effect Position effect Model characteristics
Intercept Parameter
estimate
Std.
error
Odds p-value Parameter
estimate
Odds p-value AIC BIC Number of observations
Session RPE load$ −5.431 0.137 0.017 1.15 <0.001 0.407 1.50 0.019 2936 2981 14,937
ACWR session
RPE load
−5.405 0.342 0.202 1.41 0.090 0.416 1.52 0.015 2993 3038 14,937
EWMA session
RPE load
−6.064 1.032 0.167 2.81 <0.001 0.411 1.51 0.014 2980 3026 14,937
Distance$ −5.478 0.016 0.003 1.17 <0.001 0.512 1.67 0.003 2958 3004 14,937
ACWR distance −5.534 0.442 0.167 1.56 0.008 0.425 1.53 0.013 2990 3035 14,937
EWMA distance −5.849 0.801 0.206 2.23 <0.001 0.408 1.50 0.014 2980 3026 14,937
High-speed running
distance$
−5.255 0.294 0.067 1.34 <0.001 0.497 1.64 0.004 2979 3025 14,937
ACWR high-speed
running
−5.206 0.121 0.085 1.13 0.153 0.428 1.53 0.013 2994 3040 14,937
EWMA high-speed
running
−5.439 0.365 0.119 1.44 0.002 0.446 1.56 0.009 2987 3033 14,937
Odds is the exponential of the parameter estimate and represents the time-loss incidence risk for a 1 unit increase in the variable (e.g., an increase in EWMA session RPE
load from 1.0 to 2.0, etc.). Odds for position effect is the odds of time loss incidence in forwards compared to backs. $The parameter estimate, standard error and odds
for the absolute variables (session RPE load, distance and high-speed running distance) are presented for 100 unit increases in each variable.
DISCUSSION
The aim of the present study was to identify the best predictor
of time-loss incidence occurrence between absolute match and
training load variables, the ACWR and the EWMA quantification
methods, when applied to sRPE load, distance and high-speed
running distance. The main findings of the present study suggest
that changes in the absolute match and training load variables
(sRPE load, distance and high-speed running distance), with no
quantification method applied to them, provide the best method
of explaining the variance in time-loss incidence rate in elite
Rugby Union players. Specifically, the use of absolute sRPE load
provided the lowest AIC and BIC values, followed by distance and
then high-speed running distance. As shown in Tables 2, 3, when
comparing the different match and training load quantification
methods, the EWMA method better explained the variance in
time-loss incidence occurrence than the ACWR method, as the
AIC and BIC were lower across all variables for EWMA compared
to ACWR. A higher time-loss incidence was seen in forwards
compared to backs, ranging from 32% (sRPE load) to 62%
(distance), but no interaction was seen between position and
any match and training load variables. The models examining
cumulative rolling sums did not identify any significant effects
on time-loss incidence rate of these variables, with the exception
being 14 d cumulative rolling sum for high-speed running
distance. Overall, these findings suggest that the absolute match
and training load variables may provide the best predictors of
time-loss incidence rates, with sRPE load likely to be the optimal
variant of those examined here.
This is the first study to compare absolute match and training
load, ACWR and EWMA methods for the assessment of time-
loss incidence in elite athletes. The model fit assessment suggests
that the absolute match and training load variables (sRPE load,
distance and high-speed running distance) are better predictors
of time-loss incidence occurrence in professional Rugby Union
players, compared to when the same variables are quantified
using the ACWR and EWMA approaches. Furthermore, it
appears that sRPE load was the best variable to use to assess
time-loss incidence (when compared to distance and high-speed
running distance). Unlike the GPS-derived variables (distance
and high-speed running distance) which require expensive
technologies to collect, sRPE load provides performance and
medical staff with a low cost, easy to administer method of match
and training load assessment and management (Kraft et al., 2014).
It is also possible that the RPE variable provides a more accurate
reflection of contacts and collisions during Rugby Union (not
picked up by GPS variables). Furthermore, RPE was also recorded
during gym-based sessions where GPS monitoring is not possible,
a further potential explanation of the enhanced predictive ability
of the models with RPE included. Additionally, the calculations
provided within this paper provide performance and medical
staff with actionable values which can be easily communicated
to coaches when assessing an individual players risk; and thus,
enable them to make an informed decision about player match
and training load.
When the two ratio quantification methods (ACWR and
EWMA) are compared, the EWMA approach better explains
the variance in time-loss incidence occurrence compared to the
ACWR method, as shown through the lower AIC and BIC
values. This therefore affirms the thoughts of Menaspà (2017)
and Williams et al. (2017) who suggest the ACWR approach
lacks sensitivity and suffers mathematical coupling (Lolli et al.,
2017). Furthermore, it agrees with the findings of Murray et al.
(2017), who investigated the relationship between match and
training load and injury in Australian footballers using only
objective (GPS) measures and quantified it using both the ACWR
and EWMA. The present study extends these findings to both
subjective (sRPE load) and objective measures and utilized an
Frontiers in Physiology | www.frontiersin.org 8 November 2019 | Volume 10 | Article 1413
fphys-10-01413 November 16, 2019 Time: 13:5 # 9
Cousins et al. Match, Training Load and Injury
individual approach to determining high-speed running distance
(>70% of an individual’s maximum velocity), compared to the
set parameters (18–24 km/h) used by Murray et al. (2017). When
assessing the cumulative rolling sums models, the only variable
to return a significant effect on time-loss incidence rate was 14 d
high-speed running distance, therefore, aggregating match and
training load into weekly sums does not further assist in time-loss
incidence occurrence assessment. To summarize, the absolute
match and training load variables better explain the variance in
time-loss incidence rates above the ratio ACWR and EWMA
methods and the cumulative rolling sums approach.
The time-loss incidence curves describing the relationships
between time-loss incidence and the match and training load
variables are shown in Figures 1–3. In contrast to previous work
by Blanch and Gabbett (2015), who suggested that a U-shaped
pattern existed between injury incidence and an ACWR. Our
analysis and models do not find any evidence of this form of
U-shape pattern. This apparent disagreement in findings may
have arisen because the independent variables in the Blanch
and Gabbett (2015) analysis appears to be based on aggregated
categorical data from a series of research investigations (Hulin
et al., 2014, 2016) whereas in the current study the models
use the raw/absolute match and training load data from each
player on each day.
Another novel aspect of this study was the comparison in
time-loss incidence rates between forwards and backs. Players
occupying forward positions were found to have a higher time-
loss incidence rates compared to backs for all match and training
load variables, ranging from 32 to 62%. An explanation for this
may be due to the higher involvement of total impacts, tackles
and rucks of forwards compared to backs as shown by Lindsay
et al. (2015), and also demonstrated in the results of this paper
the number of time-loss incidence occurring through contact
injuries makes up 50.0% of all time-loss incidences. Furthermore,
it is important to note that position did not interact with any
of the match and training load variables, thus suggesting that
time-loss incidence rates changed with increased match and
training load in a similar manner for both positional groups. In
addition, the present study also examined time-loss incidence
in training compared to matches. The findings suggest that the
likelihood of a time-loss incidence occurring was 10–15 times
higher in matches compared to training. However, none of the
absolute match and training load variables interacted with the
training/match variable, suggesting that the increased time-loss
incidence was similar when load increased in both training and
matches by a similar amount.
Practical Applications in Rugby Union
The “sweet-spot” of an ACWR of 0.8–1.3 (based on sRPE
load data) suggested by Blanch and Gabbett (2015) has been
widely cited and used within professional sport. However, the
findings of the present study suggest that the absolute match
and training load variables provide a better explanation of the
variance in time-loss incidence (and thus should be incorporated
in load management models to minimize the time-loss incidences
occurring), when compared to the more commonly used ACWR
and EWMA approaches. The present study enhances previous
work in the area (Rogalski et al., 2013; Cross et al., 2016; Hulin
et al., 2016) by showing that subjective measures (i.e., sRPE
load) can be quantified in various ways to manage time-loss
incidence. Session RPE load is a relatively inexpensive method
when compared to the GPS-derived variables. However, there
are obvious challenges associated with the collection of sRPE
load data for every player for every session, particularly within
30 min of the end of each session. It should be noted however
that evidence has suggested that sRPE is still valid up to 24 h
post-exercise (Phibbs et al., 2017), potentially further enhancing
the practical utility of sRPE as a monitoring tool. The additional
inclusion of objective GPS-based measures can add further
value to sRPE load alone by assisting the load management
processes due to its capabilities of providing live feedback during
training sessions for at risk individuals (e.g., those returning
from injury), and may be easier to collect in a large number of
players at one time.
Limitations and Future Research
The findings of the present study are based on data from
one professional Rugby Union club thus the applicability to
all clubs is unknown. Future work could build upon this by,
for example, including match and training load and time-loss
incidence data from multiple clubs. Furthermore, future work
could also consider the relationship between match and training
load and different types of time-loss incidence (i.e., contact
injuries, non-contact injuries and illness) and whether the injury
occurred in training or matches separately. This could potentially
allow for greater resolution between variables and quantification
methods. Future work, perhaps with multiple clubs over multiple
seasons, could also consider matches in isolation, to examine
whether any aspects of matches (e.g., time of day, match outcome,
etc.) influence time-loss incidence risk. However, achieving this
volume of data from multiple clubs, allowing such analysis to be
undertaken, will be challenging, not least due to the variations
in the measurement and management of match and training
load and time-loss incidence between clubs. A further potential
limitation of the current study was the use of different GPS
monitoring systems from season one to season two, as stated in
the materials and methods section. Future work should endeavor
to use the same GPS monitoring system for the duration of the
data collection process to avoid potential conflicts between units.
CONCLUSION
The match and training load variable that best explains the
variance in time-loss incidence was absolute sRPE load, followed
by absolute distance and absolute high-speed running distance.
These findings therefore suggest that the use of absolute match
and training load data from each player on each day may be
more beneficial when assessing time-loss incidence risk, when
compared to the more commonly used ACWR and EWMA
quantification approaches. The objective GPS-derived variables
still appeared to provide a significant explanation of the variance
in time-loss incidence occurrence, and thus the use of GPS as a
real-time monitoring tool (providing live feedback) means that
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such measures may well have applied utility. When assessing
the quantified match and training load variables (ACWR and
EWMA), the EWMA variables better explained the variance
in time-loss incidence compared to the ACWR method. No
relationship was seen between the 7, 14, 21, and 28 d cumulative
rolling sums for all variables (sRPE load, distance and high-speed
running), with the exception of 14 d cumulative rolling sum
of high-speed running distance. Finally, the time-loss incidence
curves derived from the mixed effect models (for all absolute,
ACWR and EWMA variables) did not show a U-shaped pattern.
Overall, these findings suggest that the absolute match and
training load variables provide the best predictors of time-loss
incidence rates, with sRPE load likely to be the optimal variant
of those examined here. Furthermore, the EWMA approach
to quantifying match and training load was a better predictor
of time-loss incidence risk than when the same variables were
calculated using the ACWR approach.
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